Conclusions. Using medical as well as drug claims data, it is feasible to develop models that could assist payers in identifying patients who exhibit characteristics associated with increased risk for opioid abuse. These models incorporate medical information beyond that available to prescription drug monitoring programs that are reliant on drug claims data and can be an important tool to identify potentially inappropriate opioid use.
Introduction
Pain is a prevalent and costly condition. The National Health and Nutrition Examination Survey found that more than a quarter of Americans age 20 and older experienced pain lasting at least 24 hours during the last month [1] . To treat pain, physicians often turn to prescription opioids, which are among the most effective drugs for pain management, but also come with an increased risk of abuse, dependence, and misuse ("opioid abuse") [2] . Retail sales of opioids more than doubled between 1997 and 2007, and Americans now consume 80% of the world's prescription opioid supply despite comprising only 5% of its population [3] .
During this same period, there was a commensurate increase in rates of opioid abuse. According to the National Survey on Drug Use and Health (NSDUH), the use of prescription opioids is the second most common type of illicit drug use (after marijuana), with 12.4 million Americans using prescription pain relievers for nonmedical purposes in 2009, compared with 11.0 million in 2002 [4] . Similarly, the number of emergency department (ED) visits related to prescription opioid abuse has more than doubled in recent years-from 173,000 in 2004 to 416,000 in 2009 [5] . Opioid overdose is the cause of over 3,000 deaths per month and accounts for 39% of all drug-related ED visits [4] [5] [6] .
Opioid abuse is associated with substantial costs, both to health care payers and to society. According to White et al., diagnosed opioid abuse patients incurred $20,546 more in annual health care costs than demographically similar controls, and Medicaid opioid abuse patients cost $15,183 in excess of controls [7] . At the societal level, Birnbaum et al. estimated opioid abuse costs $55.7 billion annually in the United States, with $25.0 billion in health care costs plus an additional $25.6 billion in workplace costs, and $5.1 billion in criminal justice costs [8] . As increasing health care costs become an ever greater concern, better identification and treatment of opioid abusers may represent an opportunity to generate cost savings and improve patient outcomes.
More specifically, administrative claims data available to managed care organizations (MCOs) and state prescription drug monitoring programs (PDMPs) offer a wealth of information concerning pharmacy and medical resource use as well as demographic information that could be combined with the latest clinical research to design algorithms that more precisely identify individuals at risk for opioid abuse. Prior research has shown such models are feasible [9] . No study to date, however, has attempted to use the clinical literature on risk factors for opioid abuse to develop claims data-based models to identify and analyze patient characteristics and behavior associated with opioid abuse among a nationwide, privately insured population of opioid users [10] [11] [12] [13] [14] [15] [16] . This study's objective was to expand and improve on previous research by assessing the differences in patient characteristics among prescription opioid users with and without an abuse diagnosis from all 50 states during a recent time period (2007) (2008) (2009) ) in order to highlight and quantify the relative impact of various characteristics and risk factors associated with opioid abuse. Specifically, the goal of this analysis was to build a model that would be directly applicable to and implemented by payers using information readily available through claims data. The characteristics assessed include patient demographics, prescription drug use and patterns of use (e.g., filling at multiple pharmacies, early refills), comorbidity profile, and medical resource utilization (e.g., ED visits). In addition, this analysis incorporates data on family member characteristics that were unavailable in previous studies.
In addition to providing further insight into the factors associated with opioid abuse in a privately insured population, a secondary objective of this model was designed with applications for future observational studies in mind, particularly those where risk of opioid abuse may be an important confounder. For example, as opioid formulations designed with abuse-deterrent properties launch over the next several years, models such as the one designed here could be used to assess and control for differences in the likelihood of abuse between patient populations. This issue is of special importance for robust retrospective study design, which may not otherwise be able to account for disproportionate or preferential prescribing of opioids with abuse-deterrent properties by physicians to patients they perceive to be at higher risk for abuse.
Methods

Data
This study used de-identified administrative claims data from a privately insured population (Ingenix Employer Solutions, Eden Prairie, MN, USA). The database covers over 12 million lives during 1999-2009 and contains information from 55 self-insured U.S. companies operating nationwide in a broad array of industries. The data include information on patient demographics, medical diagnoses, and prescription drug and insurance enrollment history for all beneficiaries (i.e., employees, spouses, and dependents).
Study Design
From the privately insured patient population, all patients with at least one opioid prescription filled during 2007-2009 were identified (n = 1,552,489). All patients with an opioid prescription were divided into two mutually exclusive groups: diagnosed abusers (n = 9,755) and those with no such diagnosis, or "non-abusers" (n = 1,542,734). Opioid abuse was identified using the following International Classification of Diseases, Ninth Revision, Clinical Modification (ICD-9-CM) codes, diagnosed at any time in the patient's history: 304.0x (opioid-type dependence), 304.7x (combinations of opioid-type dependence with any other drug dependence), 305.5x (nondependent opioid abuse), and 965.0 (poisoning by opiates and related narcotics excluding 965.01 [poisoning by heroin]). The rationale for identifying abuse using the full time period in the data is based on the notion that abuse and addiction are chronic conditions, which are long-developing and present for a prolonged period of time [14] . In addition, while the approach of identifying opioid abusers in claims data is consistent with prior research [15, 16] , note that reliance on ICD-9-CM coding conventions may fail to identify patients who misuse or abuse opioids but do not receive a clinical diagnosis.
The "index date" was defined as the fill date of the most recent opioid prescription during this period. Finally, further selection criteria were imposed, requiring patients to be ages 12-64 and continuously eligible throughout the 12 months prior to the index date in order to ensure that the data contain all relevant drug and medical claims for the final sample of patients. The above selection criteria resulted in an analytic sample containing 6,380 abusers and 815,536 non-abusers (see Figure 1 ).
Once the study population was selected, independent variables were constructed to measure a variety of patient characteristics and potential "risk factors." These variables were derived from patient eligibility, pharmacy, and medical claims and were based on prior research by White et al. and others [9] [10] [11] [12] [13] [15] [16] [17] [18] [19] [20] . All independent variables were measured over the 12-month period prior to the index date. This period prior to an opioid prescription was of special interest because one of the study's objectives was to create a claims-based tool to control for risk of abuse in future retrospective studies. Such research typically measures patient characteristics between study groups during a 6-or 12-month baseline period, so this study was designed to mimic that approach.
Continuous variables with right-skewed distributions (e.g., days of medical resource use, number of opioid prescriptions) were categorized into three ordinal buckets of patients according to each variable's distribution as follows: 1) patients for whom the value of the variable is zero (e.g., 0 days hospitalized); 2) patients in the top quintile; and 3) the remaining patients. 1 
Statistical Analysis
The probability that patient i was an opioid abuser is modeled as a logistic regression, Pr abuse i is the cumulative logistic distribution, Xij represents a matrix of j patient-specific independent variables, and the symbols a and bj represent parameters to be estimated within the model. The performance of various model specifications was assessed to identify potentially relevant variables (including interaction terms) and select the model with the best predictive power as measured by the c-statistic (a metric reflecting the area under the curve ranging from 0.5 [no predictive power] to 1.0 [perfect predictive model]). In cases where multiple models resulted in the same c-statistic, the model with a smaller set of relevant independent variables was chosen according to those variables that were 1) clinically relevant and 2) statistically significant (P < 0.01). All statistical analysis was completed using SAS 9.2 (SAS Institute, Cary, NC, USA).
Results
Descriptive Statistics
The sample of 821,916 abusers and non-abusers were compared based on demographic information, prescription drug use, and comorbidity profile, as well as household and family characteristics. Table 1 reports differences in demographics between the two cohorts. Abusers were statistically significantly different (P < 0.01) from nonabusers on all measures, with abusers more likely to be male (52.5% vs 46.2%), and having different age group and geographic distributions.
There were also significant differences in the amount and types of prescription drug use between the two cohorts (Table 2) , with abusers filling approximately seven times as many prescription opioids in the year prior to index compared with non-abusers (13.3 opioid Rxs for abusers vs 1.9 for non-abusers). In addition, abusers were prescribed four times as many different types of opioids (3.7) as non-abusers (0.9) based on the National Drug Code (NDC), and nearly three times as many based on active ingredient, with abusers having prescriptions for 1.9 active ingredients, on average, vs 0.7 for non-abusers. Abusers also had opioid prescriptions filled at over three times as many pharmacies (2.4 pharmacies vs 0.7), received prescriptions from four times as many prescribers (3.2 prescribers vs 0.8), and were over nine times as likely to receive at least one early refill (38.4% vs 4.1%).
Abusers were more likely than non-abusers to have received previous opioid prescriptions regardless of type (immediate-and extended-release formulations), although abusers were particularly more likely to have previously taken buprenorphine (26.3% vs 0.1%), methadone (5.8% vs 0.3%) (both substances commonly used as abuse treatment), 2 morphine (8.5% vs 0.7%), fentanyl (8.6% vs 0.7%), and oxycodone (40.8% vs 13.4%). Finally, abusers were more likely to receive other types of prescription medications such as antipsychotics (11.7% vs 2.3%). ¶ Early refills were defined as any prescription opioid refill that occurred with greater than 25% of the days' supply remaining on the previous prescription for the same active ingredient. All Rxs following the first Rx for each active ingredient were considered refills. NDC = National Drug Code; SD = standard deviation. Table 3 reports the comorbidity profile and medical resource utilization for abusers and non-abusers. While there were some differences between abusers and nonabusers in the chronic comorbidity index, there were large differences between the two groups in other comorbidities. Namely, more than half of abusers (59.2%) received a mental health diagnosis in the 12 months prior to the index date, compared with only 16.6% of non-abusers. Similarly, abusers were more likely to receive a diagnosis for tobacco dependence (12.1% vs 3.5%) and alcohol abuse (10.1% vs 0.7%), and were more likely to have used other medical resources such as those from an ED (55.5% vs 29.3%) or inpatient hospital (40.3% vs 18.6%).
Finally, the household characteristics of the cohorts were examined (Table 4) . Abusers were more likely to have other family members with prescription opioid use (39.0% vs 28.6%) and with diagnosed abuse (2.6% vs 0.2%). In addition, abusers were more likely than non-abusers to have another family member with a mental health diagnosis (29.6% vs 18.1%). Table 5 shows the results of the logistic regression estimating the probability that a patient is a diagnosed opioid abuser controlling for the effects of other variables included in the model. While, in general, the key differences between the abusers and non-abusers identified above remain, the following variables were identified as "key characteristics" (i.e., odds ratio [OR] > 2) [21] : prior opioid prescriptions (OR = 2.23 for 1-5 prior Rxs; OR = 6.85 for 6+ prior Rxs); at least one prior prescription of buprenorphine (OR = 51.75) or methadone (OR = 2.97); at least one diagnosis of non-opioid drug abuse (OR = 9.89), mental illness (OR = 2.45), or hepatitis (OR = 2.36); and having a family member diagnosed with opioid abuse (OR = 3.01). Each of these estimates was statistically significant at P < 0.01.
Logistic Regression Results
As mentioned earlier, buprenorphine (and to a lesser extent methadone) is used in the treatment of individuals with opioid abuse and therefore this is an example of a relationship that is frequently interconnected as opposed to causal. We nonetheless included this as an independent variable in the model for two reasons. First, to the extent that the model can be used by payers to prospectively identify individuals with characteristics that suggest high risk for abuse, such a demonstrated relationship highlights the importance of including buprenorphine (even as past treatment) in the model. Second, removing buprenorphine from the model led to changes in the ORs and statistical significance of other independent variables, suggesting that it is picking up important unobserved patient characteristics.
In addition to these key characteristics, some of the differences between abusers and non-abusers identified using the univariate comparisons in Tables 1-4 lose significance when controlling for other differences in characteristics. First, although abusers were more likely than non-abusers to receive prescriptions from multiple physicians, this difference was not statistically significant controlling for other differences (OR = 1.06, P = 0.2073). Second, although abusers were more likely to have received prior prescriptions for all types of opioids, prior use of propoxyphene (OR = 0.73, P < 0.0001) or hydrocodone (OR = 0.70, P < 0.0001) was associated with a reduced probability of abuse, controlling for other characteristics.
The model had a c-statistic of 0.91, indicating that the model was able to correctly predict a higher probability of abuse for observed abusers in 91% of abuser-non-abuser patient comparisons.
Discussion
This study examined the relationship between patient characteristics and diagnosed prescription opioid abuse. The study extends and improves upon previous analyses of this type, re-affirming factors previously associated with opioid abuse, and identifying several new predictors. For example, compared with White et al. [9] , who analyzed a 2005-2006 cohort of opioid users in Maine, this analysis includes patients from all 50 states, assesses a longer and more recent timeframe, utilizes a sample over seven times as large, and incorporates several new variables. Moreover, the predictive power as measured by the c-statistic suggests that models such as this may be an effective tool for payers to identify individuals at risk for opioid abuse, which can allow for appropriate management and follow-up that could lead to improved patient outcomes and cost savings.
The model and results were robust to changes in functional form and sample selection criteria. Specifically, to the extent that payers (e.g., MCOs) and state PDMPs plan to use administrative claims data, we estimated a variation of the model reported above to determine whether the results hold when allowing for less restrictive data requirements, such as including shorter periods of time in which to identify independent variables (i.e., 6-month vs 12-month study period), and a more narrow period of time during which to identify an opioid abuse diagnosis (such as requiring that the opioid abuse diagnosis be within 12 months of the index date (i.e., contemporaneous with the time period in which the independent variables are created) vs diagnosis † P values were calculated using c 2 tests for categorical variables and using t-tests for continuous variables. ‡ Household characteristics refer to behavior across all other members on the same health plan. Categorical variables refer to any opioid use or relevant diagnosis for any plan member. The number of opioid Rxs is summed across all other plan members, and the maximum Charlson comorbidity index of any family member is used for purposes of analysis. SD = standard deviation. at any time in the patient's history). The model results were robust to each of these sensitivity analyses, with the key characteristics remaining unchanged, and with c-statistics remaining at or above 0.9.
3
In addition, given the large sample size of the analytic sample, a version of the model was re-estimated based on a randomly selected 50% sample (without replacement) (Table 5 ). While some variables lost statistical significance (P < 0.01) vs the full model (e.g., age group 50-59, Census Divisions East North Central and East South Central, diagnoses of diabetes), this validation produced similar results, with no change in predictive power (c-statistic = 0.91).
This study has a number of limitations. First, as with all claims data analyses of opioid misuse, identification of "abusers" in this analysis is limited to patients with diagnosed abuse, dependence, or misuse (using ICD-9-CM codes). In particular, it does not account for other definitions of abuse/dependence/misuse, such as that of nonmedical use of prescription drugs adopted by the NSDUH. Although the diagnostic approach is the only option for claims data analysis, these codes do not distinguish between illicit heroin use and misuse of prescription opioids. As a result, the "abusers" category may contain individuals who were diagnosed with heroin abuse but were not abusing prescription opioids. This analysis sought to account for this possibility by requiring that all patients have at least one prescription opioid claim in the study period; however, we expect that many heroin abusers may also use prescription opioids. Moreover, it is expected that many patients who misuse prescription opioids are undiagnosed. As mentioned earlier, to the extent that some prescription opioid abusers remain undiagnosed, they are contained in the "non-abuser" category for this analysis. While it is unknown how the characteristics of undiagnosed abusers compare with diagnosed § Early refills were defined as any prescription opioid refill that occurred with greater than 25% of the days' supply remaining on the previous prescription for the same active ingredient. All Rxs following the first Rx for each active ingredient were considered refills. ¶ Other opioids include meperidine, nalbuphine, pentazocine, and tapentadol. ** Comorbidities and resource use were assessed during the 12 months prior to index date, which was defined as the date of the most recent opioid prescription fill during 2007-2009. † † Mental illness was identified using medical claims for mental disorders not associated with substance abuse (ICD-9-CM: 290-302, 306-316) as well as drug claims for antidepressants or antipsychotics. ‡ ‡ Tobacco use/dependence was identified using medical diagnoses (ICD-9-CM codes: 305.1, 649.0, and V15.82) as well as pharmacy claims for smoking deterrents. § § Household characteristics refer to behavior across all other members on the same health plan. Categorical variables refer to the presence of any relevant diagnosis for any plan member. Charlson comorbidity index (CCI) refers to the maximum CCI of any family member. OR = odds ratio; CI = confidence interval.
abusers, if undiagnosed abusers exhibit similar characteristics of diagnosed abusers (e.g., filling multiple opioid prescriptions, filling at multiple pharmacies), this would imply that the descriptive statistics and ORs estimated in this analysis understate actual differences between abusers and non-abusers. However, a useful extension of this analysis would be to assess the generalizability of these results to other populations, in which a more in-depth assessment of abuse is possible (e.g., interview) or who are covered by Medicaid and other payers.
In addition, the model was only able to incorporate information available from such administrative data, in essence a "closed" model. For example, many abusers are able to obtain their opioid supply from the black market, or who pay cash for opioids at in-and-out clinics such as "pill mills," as access to these alternative supply sources is not captured in claims data. More generally, it is important to keep in mind that the characteristics presented here are representative of abusers filling prescriptions at a pharmacy (the relevant population from the perspective of MCOs and PDMPs) and may not be reflective of abusers overall. Finally, the model identifies characteristics that are predictive of opioid abuse; however, this study did not attempt to determine whether the variables associated with abuse are direct causes or consequences of abuse.
Conclusions
As prescription opioid abuse becomes more widespread, developing ways to increase awareness of the characteristics that are associated with abuse may identify candidates for screening, brief intervention, and referral to treatment (SBIRT) programs and help physicians make more informed prescribing decisions. In addition, developing predictive models of abuse may assist payers in establishing evidence-based methods of identifying at-risk individuals and communities. The results presented in this study suggest that predictive models using medical claims as well as drug claims data, such as those likely available to most payers, can identify several such characteristics. These results indicate that these models can be an important tool to identify potentially inappropriate opioid use. An important contribution of such models is that they incorporate medical information beyond that available to prescription drug monitoring programs that are reliant only on drug claims data.
Notes
1. The two exceptions to this rule were for number of pharmacies and number of physicians, whose distributions did not allow such construction. These variables were constructed as 0/1 dichotomous variables, with the cut-offs chosen to indicate the bottom 90% and top 10% of patients for that variable.
2. In fact, some companies cover buprenorphine only for patients with an opioid abuse or dependence diagnosis (see, e.g., BlueCross BlueShield of Kansas City), although it is unknown how many of the plans in these data have such prior authorization policies.
3. Full model results, including underlying model, coefficients and sensitivity analyses are available upon request.
